A large collection of pediatric ECGs is a necessary prerequisite for the development and assessment of arrhythmia detection algorithms in Automated External Defibrillators (AEDs) for patients younger than 9 years. Currently we are working on the establishment of a pediatric data set consisting of 12 lead ECG records with rhythm annotations and automatically characterized signal quality. Here, we describe the methodology for automatic quality evaluation of the data. A number of signal parameters concerning both technical noise (background noise level, power line interference, movement artifacts) and physiological characteristics (extrasystoles) of the data sets were determined in every record. In this way, extremely noisy data sets and outliers could be identified. Currently we collected and analyzed 493 nonshockable pediatric ECGs. Motion artifacts were a common observation in our pediatric ECGs. The mean noise amplitude of lead Einthoven II of all ECGs amounted to 15 µV. The mean QRS amplitude was 777 µV. In combination with additional clinical annotations the ECG database provides an instrument for the development and assessment of AED algorithms for arrhythmia detection in children. The final database will have a public interface for a wider community.
Introduction
AEDs are devices which automatically diagnose lifethreatening heart rhythm disturbances and send an electric shock in order to restore the normal heart rhythm. They can be found in public places like train stations and government offices and are freely accessible for everyone. Heart rhythm disturbances like ventricular fibrillation or ventricular tachycardia are ten times less common in children than in adults, but have an enormous emotional and social impact [1] . Since 2005, the European Resuscitation Council (ERC) Guidelines [2] recommend the use of AEDs for children in age of 1-8 years. For infants less than 1 year the ERC Guidelines of the year 2010 [3] indicate that the risk/benefit ratio may be favorable and the use of an AED should be considered. The manufacturers of AEDs need to verify their algorithms for the detection of shockable ECGs on pediatric ECG reference databases, because children are anatomically and physiologically different from adults: the hearts are smaller, the cardiac output per kilogram of body weight is higher, the heart rates are higher, and the stroke volume is lower [1] .
There are some studies dealing with pediatrics databases for AEDs [4] [5] [6] , but a public data set does not exist so far.
The purpose of our project is to create a database of shockable and nonshockable ECGs from children younger than 9 years for assessment of arrhythmia detection algorithms in AEDs. The entries of the database will contain rhythm annotations and the signal quality of data will be automatically characterized.
Methods
The nonshockable pediatric ECG recordings are collected in a pediatric cardiology center in Berlin under informed consent of the parents. It covers the ECGs of patients up to the age of 8 years. The 12 lead ECG data are recorded using a digital ECG recorder (CardioLink® CL1000, Getemed, Teltow/Germany) with a sampling rate of 500 Hz and a minimum recording length of 10 s. All ECG data are made anonymous. According to the ERC Guidelines the data are classified into two age groups (<1 year and 1-8 years). Figure 1 shows examples of nonshockable und shockable ECGs.
Signal amplitude
In order to determine the signal quality, an assessment of the noise level is performed for all recordings. For this purpose a window with a length of 40 ms is moved over the signal. The smallest determined root mean square value in that window over the whole measurement is an estimator of the background noise level in that channel. The signal amplitude was estimated by a moving window method. The window with a length of 150 ms has been moved consecutive over the signal by calculating the difference of the maximum and the minimum amplitude (peak to peak) of each window. The average of all these peak to peak values in one recording was regarded as the signal amplitude in this channel.
Power line interference
Power line interferences are one of the major problems in biomedical measurements. For detection of 50 Hz we moved a window with a length of 1 s in steps of 500 ms over the ECG. In every window we performed a Fast Fourier Transformation (FFT). The amplitude of the 50 Hz line is an estimate of the power line interferences.
RR-interval analysis
For the RR-interval analysis it is necessary to determine the QRS complexes. Here we used as a preprocessor a narrow band-pass filter based on a modified Morlet wavelet. The resulting signal shows high amplitudes only during the QRS complexes. The local maxima larger than an adaptively determined threshold are identified as QRS complexes [7] . The temporal difference between two consecutive QRS complexes is marked as RR interval. A correlation analysis of the QRS complexes separated the QRS complexes in groups of similar shape. Inspection of these groups in connection with the corresponding values of frequency, RR intervals and lead occurrence allows classifying extrasystoles and motion artifacts. The automatically gained beat annotations form a part of the database.
Results
The pediatric ECG database is still under construction. At the moment it includes 493 nonshockable records. Table 1 provides a summary of the collected ECGs.
In the age group < 1 year we have 183 ECGs from 181 patients and in the age group 1-8 years we collected 310 ECGs from 299 patients. The mean age of the second group is 3.93 years. All data were assessed by a cardiologist. Some recordings contain incomplete right bundle branch block patterns or extrasystoles. 
Signal amplitude
The noise level in the ECGs is variable. Noise sources are physiological noise caused by the patient such as muscle noise or breathing and electrical noise like power line interferences or amplifier saturation. The mean signal amplitude for all original ECGs without cutting and filtering was 777 µV (±260 µV). The mean noise amplitude was 15 µV (±19 µV). The maximum signal amplitude of all ECGs was 2.12 mV and the minimum noise amplitude was 0 µV. These significant deviations of the mean values occur during motion artifacts, when the ADC is in saturation.
As a rule we inferred that ECG intervals with high signal amplitude and noise amplitude near 0 suffer from artifacts. In 283 ECGs of the total of 493 ECGs we found intervals with signal amplitudes higher than the mean value and minimal noise amplitudes. A visual inspection revealed that 226 of these 283 ECGs actually suffered from artifacts. 186 ECGs of the 226 ECGs can be used without filtering by cutting out the disturbed signal intervals. Table 2 shows a summary of the statistics repeated on the improved data set. 
RR-interval analysis
For the representation of the heart rhythm sequences we constructed a tachogram ( Figure 3 ). The mean of RR intervals is marked in the tachogram (dashed line). Strong deviations of the mean value may have different causes, e.g. artifacts, extrasystoles, missing RR-detections. The mean of all RR intervals was 0.56 s (±0.15 s). Normal heart rate is decreasing with age ( Figure 4 ).
Figure 4
Dependence of all ECGs in the database on heart rate and age (mean value and standard deviation of the mean heart rate of all ECGs in the respective age group). 
Conclusion
We establish a pediatric ECG database for assessment of arrhythmia detection algorithms in AEDs for children younger than 9 years. In order to determine the quality of the recordings, we analyzed signal amplitude, noise and power line interferences by different parameters. Our goal was to keep all estimators simple but reliable. As a result, we are able to identify signal intervals from the measurements with sufficient quality to form the final data set. The ECG reference system will in the end consist of a test data set and an independent validation data set. While the test data set can be used for the development of AED algorithms, the validation data set remains hidden and will not be published in order to use it for evaluation of the performance of arrhythmia detection algorithms.
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